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Abstract: In this paper a novel clustering-based system for automated stock market trading is introduced. It relies on interpolative Boolean algebra as underlying 
mathematical framework used to construct logical clustering method which is the central component of the system. The system uses fundamental analysis ratios, more 
precisely market valuation ratios, as clustering variables to differentiate between undervaluated and overvaluated stocks. To structure investment portfolio, the proposed 
system uses special weighting formulas which automatically diversify investment funds. Finally, a simple trading simulation engine is developed to test our system on real 
market data. The proposed system was tested on Belgrade Stock Exchange historical data and was able to achieve a high rate of return and to outperform the BelexLine 
market index as a benchmark variable. The paper has also provided in-depth analysis of the system’s investment decision making process which reveals some exciting 
insights. 
 





Financial markets are complex and dynamic 
environments influenced by many economic and non-
economic factors [1], both deterministic and random in 
nature [2]. Markets are non-linear systems governed by 
noise and uncertainty. Hence, to model and study these 
systems one needs to consider tools and techniques that can 
efficiently deal with non-linearity, noise and uncertainty. 
Vanstone and Finnie [3] claim that soft computing is 
precisely amongst these techniques. 
The two most commonly used quantitative approaches 
for investment analysis in financial markets are technical 
and fundamental analysis. Technical analysis (TA) seeks 
to construct mathematical indicators using available 
market information (price, volume, bid, ask, spread etc.) in 
order to discover potential investment opportunities. Since 
the market information is changing rapidly, TA is regarded 
as the short-term toll. Some of the most influential studies 
that investigate usefullnes and effects of TA application in 
financial market trading are [4-11]. 
On the other hand, fundamental analysis (FA) uses 
financial ratios as a tool to analyze company’s financial 
statements and discover profit opportunities. This approach 
is regarded as a long-term investment tool and is much less 
applied in the literature. Some of the most cited works on 
this subject are [12-17] 
Automated trading, represents trading of stocks or 
other financial instruments in a computerized manner – 
using an automated trading system (ATS) to make trading 
decisions and place the orders on the market. This kind of 
trading is also known as algorithmic trading or 
computerized investing. Automated trading was developed 
during the end of 1980s and the start of 1990s, with the 
expansion of information-communication technologies. It 
became very popular during 2000s, increasing its trading 
activity threefold in a few years – from 25% of total trading 
volume in 2005 to 75% until 2009 [18]. Today, automation 
and speed of the trading process are important dimensions 
of financial market design [19]. 
In recent years, soft computing methods are being 
increasingly used for development of systems which are 
able to analyze market information and make trading 
decisions. Fuzzy and other multi-valued logics, as a part of 
soft computing methods, are non-linear in nature and 
therefore can be successfuly used for modeling financial 
markets. Further are reviewed some of the numerous 
studies proposing logic-based systems for authomated/ 
algorithmic trading in financial markets.  
Dourra and Siy [20] were among the first who applied 
fuzzy logic in financial market trading. They built a fuzzy 
system for authomated stock market trading based on 
technical analysis and prooved its succesfulness on real 
historical data. Lee et al. [21] proposed a knowledge-based 
trading system with fuzzy-based recognition method of 
graphical price patterns for financial prediction and making 
trading decisions. In [22], a complex Takagi–Sugeno-Kang 
type fuzzy rule based system was developed for stock price 
prediction in Taiwan Stock Exchange. 
An interval type-2 fuzzy system for stock price 
prediction was presented in [23]. Authors conclude the 
system has shown superiority with respect to robustness, 
flexibility and error minimization and propose its usage in 
pricing financial derivatives and market trading. Two 
fuzzy systems for stock market trading were developed in 
[24]. The first was based on a special adaptation of the so-
called "Logic-motivated fuzzy logic operators" approach, 
while the second one was based on newly proposed fuzzy 
Dempster–Shafer rules and it outperformed the previos.  
Fong et al. [25] conducted examination of several 
trend-following algorithms  based on different trend 
indicators, fuzzy controller and specially designed trend 
recalling system. In [26] authors propose an uncertainty 
reduction approach based on fuzzy logic to address 
problems of market timing and order size in technical 
trading. Their results showed improvement in profitability 
of existing strategies on highly volatile days when market 
risk is particulary high. 
In the most recent study, Dymova and Sevastjanov 
[27] have found that the traditional fuzzy logic rules lose 
important information when dealing with the intersecting 
fuzzy classes and proposed new approach to the rule-base 
evidential reasoning. Their approach was succesfully 
tested within the trading system in foreign exchange 
trading. There are also many hybrid methodologies that 
incorporate fuzzy or some other kind of logic within the 
systems for authomated/algorithmic trading. Some of them 
are [28-30]. 
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In this study, we develop a logic-based system for 
automated stock market trading. The proposed trading 
system is based on clustering method with logic-based 
measure of dissimilarity. We use interpolative Boolean 
algebra as a framework for implementation of consistent 
real-valued (fuzzy) logic. The proposed system uses 
market valuation ratios to cluster companies in order to 
discover groups of potentially undervalued stocks. Further, 
we introduce portfolio weighting formula as an extension 
of clustering component to enable full automatizaton of the 
portfolio construction process. The trading system is tested 
using Belgrade Stock Exchange market data and its 
performance compared to passive investment strategy 
which replicates performance of BelexLine index. 
The proposed logical clustering method is a relatively 
new methodology, first time being used in this study to 
build an automated trading system. Therefore, it presents a 
step forward in current scientific literature. Furthermore, 
our findings may provide important information to 
investors and those researchers studying efficiencies of 
financial markets. 
The rest of this paper is organized as follows. The next 
section presents a short overview of interpolative Boolean 
algebra – the main modelling technique used in this study. 
In the same section we give a brief overview of logical 
clustering method. Detailed explanation of the trading 
system’s structure is provided in Section 3. Further, 
Section 4 presents test data, performance measure and 
benchmark variable, obtained results and corresponding 
discussion. Finally, Section 5 concludes the paper and 
considers some ideas for further work. 
 
2 INTERPOLATIVE BOOLEAN ALGEBRA 
 
Interpolative Boolean algebra (IBA) is a consistent 
[0,1]-valued realization of finite Boolean algebra (BA) first 
introduced in [31]. It is consistent with a sense that it 
preserves all three traditional laws of thought (identity, 
non-contradiction, excluded middle). IBA is used as a basis 
for consistent real-valued logic that can compensate the 
shortcomings of conventional fuzzy and multi-valued 
logics which are not in the Boolean framework.  
IBA is based on the principle of structural-
functionality (SF). Unlike the truth-functionality (TF) 
principle, the SF principle focuses on the structure of IBA 
elements instead of its values. Furthermore, SF allows us 
to map any Boolean functions into its corresponding 
generalized Boolean polynomials (GBP) homomorphicly. 
This mapping is realized through the transformation rules 
presented in [32-34]. 
GBP represents the middle layer in the process of 
transformation from logical to arithmetic expression. It is a 
polynomial that consists of BA elements as variables, 
standard algebraic operators {+,–} and generalized product
⊗ . Generalized product (GP) is an operator that satisfies 
all four axioms of t-norms (commutativity, associativity, 
monotonicity and boundary condition) and the additional 
non-negativity condition [35]. It can be any function from 
the following interval: 
 
( ) ( )max 0, 1 min , .a b a b a b+ − ≤ ⊗ ≤                          (1) 
 
In order to obtain arithmetic expression from GBP one 
needs to choose an appropriate GP operator. The selection 
of GP operator depends on the nature of the attributes 
within logical expression. There are three marginal cases: 
-  The case when attributes are of the same/similar nature 
(analogous to positive correlation in statistics), the min 
function is applied; 
-  The case when the nature of attributes is inverse 
(analogous to negative correlation in statistics), 
Lukasiewicz operator is proposed; 
-  And finally, the case when attributes are of different 
nature (analogous to statistical independence), 
ordinary product is used as the operator of GP. 
 
In summary, IBA theory gives us the tool to evaluate 
any logical expression in real [0,1]-valued framework 
consistent with traditional laws of thought. It allows us to 
build a whole new generation of intelligent algorithms, 
methods and machines, and to extend the scope of the 
problems we are able to solve. So far, IBA has been applied 
in logical aggregation for equity selection [36], the 
evaluation of companies’ financial performances [37-39], 
energy management [40], multi-criteria decision making 
[41], multi-expert decision making [42] and logical neural 
networks [43]. The corresponding software support for 
IBA-based LA is introduced in [44]. 
 
2.1 Logical Clustering 
 
Clustering, is a method to extract knowledge about the 
hidden structures in the data or partition it into groups 
(clusters) without any previous knowledge nor experience 
about it [45]. The essence of each clustering method is the 
way we compare objects. Objects are compared with 
respect to their positions, characteristics or behavior. There 
is no universal measure able to consider different aspects 
of proximity. Instead, one must choose an appropriate one 
from the wide set of different measures of distances, 
similarity/dissimilarity or correlation. Many of them are 
summarized in [46].  
Logical clustering (LC), first introduced in [47], is a 
clustering technique based on a logical measure of 
proximity. It uses a logic-based measure of 
similarity/dissimilarity within the basic clustering 
algorithm to cluster objects according to their features. In 
LC approach, dissimilarity between objects is measured 
using an interpolative relation of exclusive disjunction, 
which is a logical function with [0,1] value realization 
based on IBA. Interpolative relation of exclusive 
disjunction satisfies all necessary conditions in order to be 
used as a measure of dissimilarity. The corresponding 
proof is first presented in [48] and later published in [45].  
Exclusive disjunction (XOR) between two objects in 
regard to one observed characteristic is defined as the 
following relation: 
 
( ) ( ).c cA B A B A B∨ = ∩ ∪ ∩                                   (2) 
 
It is a complementary relation to the equivalence 
relation: 
 
( )1 .A B A B∨ = − ⇔                                                (3) 
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Using IBA one can construct consistent real-valued 
relations – the so-called interpolative relation [49]. 
Implementing IBA theory in XOR relation we obtain 
interpolative XOR. This is done using transformation rules 
detaily explained in [50]. The following Eq. (4) shows the 
corresponding GBP for interpolative XOR relation: 
 
( ) ( ) ( ) ( )
( ) ( ) ( ) ( )2 .
A B A B A B x
A x B x A x B x
⊗ ⊗∨ = ∧¬ ∨ ¬ ∧
= + − ⊗
                 (4) 
 
In order to obtain arithmetic expression from this GBP, 
generalized product⊗has to be replaced with an 
appropriate T-norm, which is in this case the min function: 
 
( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( ){ }
2
2min ,
A B A x B x A x B x
A x B x A x B x
⊗∨ = + − ⊗
= + −
           (5) 
 
A precondition to perform LC is to transform 
attributes’ values (raw data) into [0,1] logical values: 
 
[ ]: 0,1 .Ω→                                                          (6) 
 
Afterwards, one can calculate dissimilarity over 
resulting values using Eq. (5).  
 
START
REPRESENT EACH POINT  
AS A CLUSTER
CALCULATE PROXIMITY MATRIX USING 
LOGICAL MEASURE OF DISSIMILARITY
MERGE THE PAIR OF CLUSTERS 
USING SELECTED LINKAGE METHOD
ONE CLUSTER 
LEFT ?





RAW DATA TRANSFORMATION 
(NORMALIZATION)
 
Figure 1 Clustering algorithm 
 
In this study we use agglomerative hierarchical 
approach to logical clustering. This approach has been 
already applied for clustering countries according to their 
macroeconomic fundamentals [45]. Fig. 1 presents the 
algorithm for logical clustering. 
 
3 THE PROPOSED SYSTEM 
 
In this study, we propose a novel ATS for stock market 
trading. The proposed system employs logic-based 
clustering method to group stocks based on the selected 
investment ratios and to select those clusters that are 
appropriate for investment. It is a complex system consisted 
of three components: pre-processing, financial analysis and 
portfolio construction component. In order to test our ATS 
we build a simple engine to simulate real market trading. In 
Fig. 2 we present the structure of the proposed system and 
its interaction with simulation engine. In the following parts 
of this section we will give a detailed explanation of the 
components. 
 
3.1 Data Normalization Component 
 
As it can be seen in clustering algorithm presented in 
Fig. 1, to apply logical clustering one needs to transform 
raw data into logical values. To perform this 
transformation function that maps raw values into [0,1] 
value interval. In this study, we use the standard max-min 
normalization function for this purpose: 
 
( )










                                     (7) 
 
It is important to note that the max and min values are 
assigned after removal of extreme values from both ends 
of the raw data interval.  
 
3.2 Clustering Component 
 
Clustering component is the one that enables our  ATS 
to analyze stocks and seeks for profit opportunities. It 
groups stocks based on market valuation ratios, using 
average ratio values within groups to separate favorable 
clusters.  
The proposed ATS uses logic-based approach to 
clustering explained in Section 2.1. Using the interpolative 
relation of exclusive disjunction, more exactly its 
arithmetic form presented in Eq. (5), LC is able to extract 
dissimilarities between companies according to their 
market value characteristics and group similar companies 
into the clusters. Furthermore, clusters with potentially 
undervalued companies are identified using the average 
value of ratios within the cluster. Finally, investment 
strategy considers buying undervaluated stocks and selling 
those categorized as overvaluated. 
Market valuation ratios are indicators used by 
investors to estimate the attractiveness of a potential 
investment. These ratios relate firms’ market value (market 
capitalization) with the main categories from their financial 
statement such as shareholders’ equity, net profit, sales, 
etc. In this study, we use three main ratios as an indication 
of market value of the company. Detailed description of the 
ratios is presented in Tab. 1. 
The trading logic of the system is to differentiate 
between overvaluated and undervaluated stocks using the 
valuation ratios described in Tab. 1. An overvaluated stock 
is the one with the excessive value assigned by the market. 
This value is reflected in high current price of the stock that 
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cannot be justified by company’s financials (income 
statement, balance sheet and statement of cash flow). By 
analogy, undervaluated stock is the one that is actually 
worth more than it is currently trading. Overvaluation and 
undervaluation are often result of irrational (emotional) 
behaviour of investors. There is a whole area of finance 
dealing with this phenomenon called [51]. 
 
Table 1 Market valuation ratios 
Ratio Label Formula 












In this study, we use earnings outlook (PE), income 
outlook (PS) and book value of equity (PB) to valuate 
stocks. Using average values of these ratios calculated 
within clusters, system is able to determine whether the 
cluster  consists of overvaluated or undervaluated stocks. 
If the average values for all three ratios within cluster are 
high, the stocks within that cluster are considered 
overvaluated. Vice versa, the undervaluated cluster is the 
one that has low average values of all three ratios. To 
distinguish other non-marginal cases, we give the highest 
priority to PE ratio, then to PB and PS ratio. This means 
that if the company has low value of PE it is considered as 
undervaluated even when it has high values of both PB and 
PS. Vice versa, high values of PE indicate overvaluated 
company regardless of the PB and PS. 
 
 
Figure 2 The proposed automated trading system 
 
3.3 Weighting Formula 
 
To enable our system to construct portfolio we 
introduce the weighting formula. First, the clustering 
component differentiates between undervaluated and 
overvaluated clusters of stocks. After the undervaluated 
stocks have been identified, the weighting formula is used 
to assign portfolio weight to each undervaluated stock. 
This weight represents the share of the funds (amount of 
money) that is going to be invested in the specific stock. 
The proposed weighting formula is constructed to 
consider only the "prefereable clusters" (consisted of 
undervaluated stocks) and the number of stocks within. 
The investment funds are equally distributed between 
preferred clusters (there can be more than one preferred 
cluster as a result of clustering). Furthermore, each stock 
obtains the same share of cluster’s funds. The following 










 =                                                              (8) 
where itw  is the i-th equity weight in portfolio in time t, tK  
is the number of preferable clusters obtained in time t, while 
k
tn stands for the number of securities selected for 
investment from cluster k in time t. 
The proposed weighting formula is dynamic, causing 
the changes in portfolio weights according to the changes in 
the number of preferred clusters and the number of stocks 
within.  
 
3.4 Trading Order Management 
 
This part of the system serves to create and manage 
trading orders. In other words, it executes the trading 
strategy on the market.  
Each time the clustering and weighting formula is run  
new investment portfolio is constructed. The task of the 
trading order management component is to determine 
differences compared to the old portfolio and to create 
trading orders according to these differences. This means 
that some positions in portfolio will be set for sale, some to 
be bought, while for most of them trading orders will be 
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created to adjust portfolio weights according to the new 
structure of portfolio.  
 
3.5 Simulation Engine 
 
To make a credible test of our ATS we build a simple 
engine aimed to simulate real stock market trading. In the 
simulation engine, we do not include potential transaction 
costs. Further, the short selling1 of stocks is also excluded 
which reflects the rules of the Belgrade Stock Exchange – 
the market that is used to obtain simulation results.  
Simulation engine works as follows:   
1) ATS communicates with the simulation engine to obtain 
financial data. Simulation engine retrieves the data from 
stock market database (DB) and sends them to ATS.  
2)  Financial data are received by the pre-processing 
component where transformation to corresponding 
logical values is performed. Further, the obtained values 
are forwarded to the clustering component for analysis. 
After cluster analysis, the weighting formula is applied 
to construct/update investment portfolio. 
3)  When new portfolio is constructed, the ATS uses 
trading order management component to interact with 
simulation engine to simulate real market trading. 
Simulation engine accesses DB to obtain transaction 
prices and sends the trading confirmation to the system. 
Finally, it makes a new transaction record within the 
trading order book and calculates performance 
measures. 
 
4 SIMULATION RESULTS 
 





To simulate trading with the proposed ATS, we use real 
market and financial statement data from Belgrade Stock 
Exchange (BSE)2. We choose 29 actively traded stocks from 
BelexLine index basket. We exclude banks and insurance 
companies, since the methods for their valuation and 
analysis differ from the other companies.  We use several 
years of monthly data, in a period from 1.6.2013 until 
1.1.2017.  
 
4.2 Performance Measure 
 
To evaluate the successfulness of the proposed system 
we use the standard procedure for testing ATSs. The 
procedure is simple and consists of calculating some of the 
well known profitability measures and benchmarking it 
against the market performance [7, 9, 10, 20]. To measure 













=                                                       (9) 
 
                                                            
1 Short selling is the practice of selling stocks that are not being owned 
with an idea to repurchase them at lower price levels. 
where Vt stands for portfolio value in time t. Positive ROI 
indicates the trading was successful. However, additional 
benchmarking of the resulting ROE needs to be conducted. 
The following is the reason for this. 
There are two basic types of investment management in 
stock markets: passive and active. In passive investment 
management the investor creates portfolio to replicate stock 
market index. Market index components and their weights 
are used to create an initial investment portfolio. Further, the 
investment strategy is to track changes in index structure and 
performs trading in order to maintain portfolio as the 
replication of the index structure. The idea is to ignore 
individual stocks and make profits on the movements of the 
market as a whole. This type of investment strategy does not 
require any kind of analytics effort and hence is time-
costless. On the other hand, active investment management 
means active trading with associated time and money costs 
(analytics costs, commission costs etc.).  In order to justify 
these costs, active investment management has to provide 
the strategy that is more successfull (profitable) than the 
simple market index replicating.  
For this reason, the main benchmark for any trading 
system or strategy is the market index itself. And only if  the 
system or strategy beats the market it is considered as 
successful and noteworthy. To benchmark our trading 
strategy, implemented within the proposed ATS, we use 
performances of the BelexLine index – the main market 
index of the Belgrade Stock Exchange. 
 
4.3 Results and Discussion 
 
Our system starts trading in June 2013 with an initial 
investment of one million Serbian dinars (RSD). At the 
beginning of each month the proposed ATS performs 
analysis, constructs new portfolio for the forthcoming month 
and performs reallocation of investment funds according to 
new weighting scheme. 
The proposed ATS shows excellent performances 
during the several years of testing period. Not only has the 
system achieved positive ROI of 94,29%, but it also 
managed to beat BelexLine index that achieved ROI of 
56,46%. Fig. 3 presents both ATS and Belex Line index 
performances during the test period. The graph shows that 
the ATS portfolio value was consistently higher than the 
BelexLine portfolio value. 
 
Table 2 Simulation results 
 Belex Line ATS 
Total profit 56,46% 94,29% 
Nmb of positive months 28 31 65,12% 72,09% 
Num of negative months 15 12 34,88% 27,91% 
AVG profit per month 1,094% 1,601% 
STD profit per month 0,031 0,030 
 
During the test period of 43 months our system showed 
positive perfomances for 31 months and negative for only 
12. In comparison, the BelexLine index had 28 positive and 
15 negative months. Further statistics on these results are 
presented in Tab. 2. It is also important to note that the 
2 www.belex.rs  
Aleksandar RAKIĆEVIĆ et al.: An Automated System for Stock Market Trading Based on Logical Clustering 
Tehnički vjesnik 25, 4(2018), 970-978                                                                                                                                                                                                             975 
average monthly profit of the system was 1,601% comparing 
to 1,094% achieved by the market index. 
It is interesting to note that the test period can be divided 
into two different subperiods regarding system’s 
performances. In the first half of the period (from June 2013 
until January 2015) the system showed positive performance 
but was not able to significantly outperform the market 
index. However, in the second half of the test period (from 
January 2015 until January 2017) the system showed 
exciting performance and greatly surpassed the benchmark 
variable. Detailed analysis of these subperiods is presented 
in Tab. 3.  
 
 
Figure 3 Comparison of ATS performance against benchmark index 
 
Table 3 Analysis of subperiod results 






















) Total profit 34,55% 45,01% 
Nmb of positive months 14 14 73,68% 73,68% 
Num of negative months 5 5 26,32% 26,32% 
AVG profit per month 1,61% 2,01% 























) Total profit 16,29% 33,98% 
Nmb of positive months 14 18 58,33% 75,00% 
Num of negative months 10 6 41,67% 25,00% 
AVG profit per month 0,56% 1,3% 
STD profit per month 0,032 0,031 
 
Further discussion of results requires deeper analysis of 
trading system’s decisions and actions. To do this, we 
decompose system’s decision making process (analysis and 
portfolio construction) for one specific point of time, 
observe its actions (trading order execution) and track 
upcoming market behaviour to asses consequences of these 
actions (performance of the portfolio in upcoming months). 
We randomly selected September of 2015 as a time point to 
perform this analysis.  
In Tab. 4 we present clustering results obtained on the 
1st September 2015. Stocks are grouped in four clusters. 
Based on the average ratio values within clusters (centroids), 
clusters1 and 4 were rated as undervaluated making them 
attractive for investing. Cluster 3 was rated as overvaluated, 
while cluster 2 obtained neutral rating. Out of total 29 
companies analyzed by the ATS, six companies from cluster 
1 and nine companies from cluster 4 were selected for 
portfolio. 
 
Table 4 Summary of clustering results in September 2015 







1 6 0,11 0,08 0,23 Undervaluated 
2 12 1 0,09 0,29 Neutral 
3 2 1 0,83 0,44 Overvaluated 
4 9 0,29 0,67 0,66 Undervaluated 
 
From those 15 selected companies 13 were already in 
the portfolio since August 2015 and their stocks were rated 
as a "hold" in September 2015. There were also two newly 
selected companies whose stocks were rated with“buy” 
recommendation in September 2015, while two were rated 
as a "sell" in the same month. Finally, the weighting formula 
(Eq. 8) was employed to calculate portfolio weights 
(quantity of money to be invested in each of the selected 
stocks). The changes in the structure of portfolio at the 
beginning of September 2015 are presented in Tab. 5. 
To investigate the quality of investment decisions made 
by our system, we mark all stocks that are either added or 
removed from portfolio in that specific point of time. 
Further, we track the price movements of those stocks in the 
upcoming months (Fig. 4) to investigate whether the specific 
decision to invest/disinvest was right or wrong.  
On the 1st September 2015IMPL and RDJZ were 
marked for investing, while GMON and VDAV for 
disinvesting. Fig. 3 shows price trends of these stocks in the 
forthcoming months, which enables us to check validity of 
these investment decisions. IMPL stocks, which were rated 
as a "buy" in September 2015, show impressive positive 
price performance starting from October 2015. On the other 
hand, GMON stocks were rated as a "sell" and negative price 
trendin the forthcoming months proves decision to disinvest. 
However, investing in RDJZ proves to be bad decision since 
the price performances are not in favour of decision to buy. 
Still, the negative effect of this investment was far more less 
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than the positive effects of both IMPL and GMON. Finally, 
decision to sell VDAV turns out to have neutral effect on 
portfolio value since the price did not move for almost 
several months. 
 




portfolio Cluster Decision Weight 
New 
portfolio 
AERO 90.358 4 hold 5,56% 83.232 
AGBC 0 2 - - 0 
ALFA 96.339 4 hold 5,56% 83.232 
BIPB 0 2 - - 0 
BMBI 84.424 4 hold 5,56% 83.232 
ENHL 0 3 - - 0 
FITO 96.861 4 hold 5,56% 83.232 
GFOM 0 2 - - 0 
GMON 111.181 2 sell - 0 
IMLK 93.825 4 hold 5,56% 83.232 
IMPL 0 1 buy 8,33% 124.848 
INSJ 104.675 1 hold 8,33% 124.848 
JESV 101.946 1 hold 8,33% 124.848 
LSTA 0 2 - - 0 
MOIN 108.063 1 hold 8,33% 124.848 
MTLC 103.907 4 hold 5,56% 83.232 
NIIS 106.262 1 hold 8,33% 124.848 
PLNM 0 2 - - 0 
PLNN 92.454 4 hold 5,56% 83.232 
PRGS 0 3 - - 0 
RDJZ 0 1 buy 8,33% 124.848 
SJPT 106.133 4 hold 5,56% 83.232 
TETO 0 2 - - 0 
TGAS 83.953 4 hold 5,56% 83.232 
TIGR 0 2 - - 0 
VBSE 0 2 - - 0 
VDAV 117.789 2 sell - 0 
VITL 0 2 - - 0 
VZAS 0 2 - - 0 
SUM 1.498.172   100% 1.498.172 
 
 
Figure 4 Selected stocks’ performances from Sep 2015 
 
This in-depth analysis reveals a satisfactory level of 
accuracy of investment decisions made by the system. Even 
in cases when investment decision lacks positive effects, 
realized losses are small. This testifies the credibility and 




In this paper, we presented an automated trading system 
for stock market trading. The proposed system is a complex 
one, consisting of several components. It employs logic-
based clustering method to analyze companies financials in 
order to differentiate between undervaluated and 
overvaluated stocks. The trading strategy employed by the 
system buys undervaluated and sells overvaluated stocks. 
Further, the system employs a specific weighting formula to 
structure investment portfolio. In order to test our system, 
we built a simple trading engine that enables simulation of 
real market trading.  
The proposed system was able to create and manage an 
investment portfolio in an automated manner, achieving 
excellent performance during trading simulation test. Not 
only did it achieve a positive return on investment, but it also 
outperformed benchmark variable. Further in-depth analysis 
of individual trading decisions made by the system reveals 
sufficient level of accuracy and reliability in investment 
decision making. 
We conclude that interpolative Boolean algebra, used as 
a basic logical framework in this study, enables us to model 
complex logical relations and expressions in a consistent 
manner (preserving traditional laws of thought). It proved to 
be useful in creating advanced techniques able to incorporate 
human-like reasoning into machines. 
For further research, it would be interesting to test the 
proposed system in daily trading with transaction costs 
incorporated and short selling allowed. Furthermore, we will 
strive to supplement the system with technical analysis 
components able to analyze short term market conditions in 
order to investigate whether this will improve its investment 
performances.  
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